bioinformatics; systems biology; interactome; endothelial cell; tubulogenesis ANGIOGENESIS, THE FORMATION of new blood vessels from preexisting microvessels, is required for both normal physiological development such as wound healing and exercise, and it accompanies pathological progression of diseases such as cancer and age-related macular degeneration (32) . An angiogenic cascade is necessary for tumor growth and metastasis. Without the stable blood supply provided by angiogenesis, tumors are unable to grow past a critical volume of ϳ1 mm 3 in size or to metastasize (7). Angiogenesis is not determined by a single gene such as vascular endothelial growth factor (VEGF-A), one of the first identified molecular determinants of angiogenesis (7) , but by many interacting components. To understand the relationships between these interacting components, we have investigated the systems biology of VEGF (21) , the cross talk of protein interaction networks (PINs) including type IV collagens, CXC chemokines, and thrombospondin domain-containing proteins (28) , and identified novel and missing angiogenesis annotations (29) . Other studies investigated the signaling pathways in angiogenesis (16) , identified the responsive gene modules in inflammation and angiogenesis (12) by merging time-series microarray data and genome-wide PINs, and constructed a gene functional network to model in vitro angiogenesis regulation by network perturbation analysis (6) . These advances indicate the need for a global analysis of angiogenesis regulatory processes.
The global analysis presented here relies on data integration to identify genes associated with angiogenesis. Several groups have used gene-gene association networks to combine diverse biological datasets, providing new biological understanding and generating testable hypotheses (24, 26) . Methods that integrate these gene-gene association networks as kernels, essentially representing each dataset by pairwise relationships between genes, have proven to be some of the most effective for identifying genes with related processes. Early methods transferred gene functions from direct neighbors to annotate genes. Extensions to these methods allowed more distant annotations through shortest paths (38) and graph diffusion (3, 20) . Others make use of diverse machine learning techniques including support vector machines (19) and Bayesian networks (37) .
To identify the network of angiogenesis-related proteins, we developed a method called GeneHits that combines graph diffusion kernels from protein interactions and pairwise associations from protein domain occurrence to construct a global angiogenesis PIN, the angiome. We then investigated the structural properties of angiome and validated the role of angiome proteins in angiogenesis through analysis of existing microarray datasets. Functional enrichment analysis was also applied for both angiogenesis-annotated and associated proteins in the angiome. We used a two-stage approach to construct the angiome. We first constructed a network with 478 proteins and then extended it to 1,233 proteins. The process allowed us to analyze the results in stages, despite the large network size. The global angiome integrates the current knowledge of angiogenesis.
MATERIALS AND METHODS
Missing gene annotations can be identified from numerous sources of biological data. Proteins that physically interact are more likely to participate in the same biological process or pathway. In addition, proteins that share similar domains are more likely to have similar molecular functions. The integration of these and other sources of data can improve the annotation of proteins. To integrate the attributes of protein physical interactions and domain similarity, we have constructed a method named GeneHits and implemented it as a search engine, as described below.
GeneHits for heterogeneous data integration. We set up a gene search engine called GeneHits at http://sysbio.bme.jhu.edu. Unlike other methods for heterogeneous data integration, GeneHits explicitly learns weights for network-gene combinations. Let K, Q, and P be the set of networks, query genes, and all proteins, respectively. GeneHits results are broken up into two sections. The first section describes the weighted combination of networks that best discriminate between query and nonquery genes. The second section uses the weights from the first section in a linear combination to score all other genes by their likelihood of association with the query genes. We use the Lasso framework to avoid colinearity and overfitting. For adaptive GeneHits, we learn a vector x of weights with each value representing the influence of a dataset-gene combination. In equal GeneHits, all dataset-gene combinations are presumed to contribute equally. As the gold standard, the vector b indicates the partition between query and nonquery proteins. Entries in b are 1 if the associated protein is a query and zero otherwise. Let k, q, and n be the number of kernels, queries, and proteins, respectively. For each submitted query we solve the following convex optimization problem:
where A is a matrix of size n by kϫq, b is a column vector of length n, x is a column vector of length kϫq, and is the shrinkage coefficient. 
In the current study, we evaluated the contribution of two datasets: physical interaction diffusion and protein domain similarity. Higher weights indicate a greater chance of functional association. Perturbation testing and shuffling of these query proteins are also implemented on our website to evaluate the significance of queries.
Example of the adaptive optimization procedure in GeneHits. A toy example of the GeneHits adaptive computation is shown in Fig. 1 . Figure 1 , A and B, shows example network datasets detailing the relationships between pairs of genes (g1-g8). Self-associations are assumed to have weight 1, and other unlisted interactions are assumed Net2-g1 0 x4
Net2-g2 0 to have weight 0. If we take g1 and g2 as an example query, matrices A and b can be constructed as shown in Fig. 1C . If we assume ϭ 1, solving for the matrix x gives the feature Net1-g1 a nonzero weight in Fig. 1D . This indicates that the dataset Net1 in association with gene g1 is sufficient to separate queries from nonqueries. Using the weighted feature Net1-g1, we can identify other genes that may be related to the query. Construction and analysis of angiome. The MiMI database (9) integrates 11 protein interaction data sources (BIND, CCSB, DIP, GRID, HPRD, IntAct, KEGG, MDC, MINT, PubMed, and Reactome). We included all the 11 databases from MiMI plugin 3.0.1 on Cytoscape 2.8 (34) to construct the angiome. We computed functional enrichment of the genes in the angiome using BiNGO (22) on Cytoscape 2.8 (34) . All network parameters in this study are defined in the form of undirected graphs. Network parameters are analyzed by NetworkAnalyzer (1) on Cytoscape 2.8 (34) .
Microarray analysis. We use the software from gene set enrichment analysis studies (36) to compute the q value of the enrichment of angiogenesis-associated proteins in a ranked list of the most perturbed gene expression transcripts. We used packages in Bioconductor to complete this task, including Affy (10) and Limma (35) .
RESULTS
The set of angiogenesis-annotated genes. A list of angiogenesis-annotated genes was compiled from three sources: SABiosciences (84 genes), Gene Ontology (GO) (370 genes) and GeneCards (1,244 genes). The Venn diagram in Fig. 2 shows that 82 of 84 proteins from SABiosciences (Table 1) overlap with GeneCards (Supplementary Table S1 ; see supplementary files) or GO (Supplementary Table S2) . 1 Because of the high overlap (ϳ97.6%) between SABiosciences and the two public databases, we used the 84 genes in the SABiosciences set as the seeds to construct the angiome.
Comparison with other topological annotation methods. To evaluate the performance of GeneHits, we compared GeneHits to graph diffusion, first neighbor, and second neighbor methods that also predict angiogenesis annotations. We performed a leave-one-out cross-validation (LOOCV) procedure. In Fig. 3 , we show the receiver operating characteristic (ROC) and precision recall curves. Graph diffusion is a recent method for functional annotation by counting paths of all lengths between all pairs of vertices in a graph, and adding these path counts to give kernel values for all vertex pairs (27) . Detailed mathematical formulation is presented in Refs. 27, 28. The first neighbor method ranks proteins by the number of direct interactions with annotated proteins. The second neighbor method ranks proteins by the number of annotated proteins reachable by paths of length one or two. These unweighted methods are appropriate for the unweighted set of protein-protein interactions used in this comparison.
We measure performance of these approaches by computing the area under the ROC curve (AUC). The AUC of dynamic GeneHits achieves 0.895, compared with 0.864, 0.817, and 0.811 by graph diffusion, first neighbor, and second neighbor methods, respectively. We observe from the ROC curve that GeneHits recovers more angiogenesis-related seeds in LOOCV, or higher recall than first and second neighbor methods under the same false-positive rate. GeneHits adaptively weights dataset and gene combinations. To determine the contribution of this adaptive approach, we compared GeneHits 1 The online version of this article contains supplemental material. Cytokines and chemokines  CCL11, CCL2, CXCL1, CXCL10, CXCL3, CXCL5, CXCL6, CXCL9, IFNA1, IFNB1, IFNG,  IL1B, IL6, MDK, TNF  Other growth factors and receptors  EDG1, EFNA1, EFNA3, EFNB2, EGF, EPHB4, FGFR3, HGF, IGF1, ITGB3, PDGFA, TEK,  TGFA, TGFB1, TGFB2, TGFBR1  Adhesion molecules  CCL11, CCL2, CDH5, COL18A1, EDG1, ENG, ITGAV, ITGB3, THBS1, THBS2  Proteases, inhibitors and other matrix proteins  LECT1, LEP, MMP2, MMP9, PLAU, PLG, TIMP1, TIMP2, TIMP3  Transcription factors and others  AKT1, HIF1A, HPSE, ID1, ID3, NOTCH4, PTGS1 with adaptive weighting to GeneHits with static weighting. In Fig. 3 , we show that adaptive weighting results in an AUC of 0.895, while equal weighting results in an AUC of 0.705. We also noticed that GeneHits with static weights performs well in the high-precision, low-recall range; however, GeneHits with adaptive weights performs better overall. The algorithm comparison in Fig. 3 was graphed using the ROCR package (33) .
Other factors involved in angiogenesis
Based on this analysis, we constructed the network using GeneHits with adaptive weighting. Angiogenesis network expansion. We used the GeneHits method to expand the set of 84 genes (Supplementary Table S3 ). The method integrated the diffusion kernel for the physical PIN (9, 27) and the protein domain associations (8) . Using this method, we scored all the genes by their association to angiogenesis. The threshold for annotating additional angiogenesis proteins was set using the median LOOCV score, representing 50% recall of angiogenesis-annotated proteins. Each angiogenesisannotated gene in the initial set is assigned an angiogenesisassociation score using a model built from all other angiogenesis-annotated genes. The median of angiogenesis-association scores is taken to be the threshold for the angiome. The selection threshold for annotation is needed to strike a balance between false positives and false negatives. With this threshold, it is estimated that the number of false negatives will be Ͻ50% of all angiogenesis-related proteins. The false-negative bound indicates that the number of true angiogenesis-related genes not found by our study is estimated to be Ͻ50%. For a false-negative rate (i.e., recall) of Ͻ50%, the ROC curve in Fig. 3 indicates that adaptive gene hits are likely to have a false-positive rate of Ͻ10%.
The angiome is composed of 478 proteins and 1,488 interactions as shown in Fig. 4 . Larger node size indicates higher degree. The colors from red to green represent the betweenness centrality of each node in descending order. Betweenness centrality measures the fraction of shortest paths that pass through a particular protein. Proteins with high betweenness centrality may be important conduits of information in the network. Details of proteins and interactions in the angiome are listed in Supplementary Tables S4 and S5, respectively.  In Supplementary Table S4 , 77 proteins from 84 seeds on SABiosciences in Table 1 are angiogenesis-annotated proteins, and the other 401 (ϭ 478 Ϫ 77) proteins are angiogenesisassociated proteins.
Functional characterization of the angiogenesis network.
Receptor-ligand interactions in endothelial cells drive angiogenesis. To identify pathways and biological processes associated with angiogenesis, we computed functional enrichment of genes in the angiome using BiNGO (22) in Supplementary  Table S6 , which ranked GO terms by P values. The functional enrichment analysis of genes in the angiome includes most of the molecular and cellular mechanisms of angiogenesis (7) . For example, we identify 60 proteins in growth factor activity, 34 proteins in heparin binding, 27 proteins in cytokine binding, 11 proteins in collagen binding, 22 proteins in metallopeptidase activity, and 43 proteins in calcium ion binding in angiogenesis PIN. We will repeat the same procedure of functional analysis of the extended angiome below.
Structure and topological properties of angiome. The concept of biological networks could integrate the gene regulations, protein interactions, and metabolic networks (2) . To compare the entire human interactome with angiome, we measured structural and topological parameters of the angiome using the same mathematical definitions as previous studies (1, 2) . The descriptions of these parameters that were discussed in this study are shown in Table 2 . The results of the comparison between the entire human interactome and angiome are given in Table 3 .
Several features of the parameters of the angiome are worth mentioning. First, the degree distribution has a long tail, but downward curvature on a log-log plot indicates that the degree distribution is not a power law (Fig. 5A) . Second, there are 21 proteins with degree Ն15 among the top 24 proteins (ϳ5%) with the highest value of betweenness centrality. We can also observe in Fig. 4 that nodes with higher degree (bigger node size) are usually associated with higher betweenness centrality (red-colored nodes). Degree and betweenness centrality are positively correlated, as shown in Fig. 5B , which has been observed before for long-tailed networks (17) . Third, the clustering coefficient does not correlate with degree of nodes (2), as shown in Fig. 5C . The greater value of clustering coefficient of the angiome than the human interactome in Table 3 indicates that the angiome is more densely connected than the entire human interactome. Fourth, Fig. 5D shows that 4 is the most frequent shortest path length. Fifth, none of the five VEGF ligands VEGFA, VEGFB, VEGFC, VEGFD (FIGF), and PIGF (PGF) and none of the five VEGF receptors VEGFR1 (FLT1), 
VEGFR2 (KDR), VEGFR3 (FLT4), NRP1
, and NRP2 are in the top list, but all the 10 VEGF ligands and receptors (21) are included in the angiome. This suggests that many proteins such as fibroblast growth factor (FGF) family in addition to VEGF ligands and receptors play important roles in the development, maintenance, and remodeling of the vasculature.
Validation by in vitro time course transcriptional profiling. We used five published gene expression datasets to verify a relationship between genes in the angiome and angiogenesis. We hypothesized that angiogenesis-associated proteins would have a higher level of expression perturbation on average during angiogenesis than other proteins. We tested the set of angiogenesis-annotated and associated proteins from the angiome using three separate time series microarray sets of VEGFstimulated endothelial cells (11, 23, 31 We ranked transcripts by the maximum differential expression observed during the time course relative to an untreated control. We tested the null hypothesis that the distribution of angiogenesisassociated proteins was uniform throughout the ranked list of transcripts. We determined the significance of the enrichment using the Kolmogorov-Smirnov test. The significant false discovery rate (FDR) q value indicates that the angiogenesis-associated proteins were disproportionally ranked at either the head or tail of the ranked list of transcripts (36) .
The results of the external gene expression analysis are summarized in Table 4 . We found that the set of angiogenesisannotated proteins was significantly perturbed (FDR, qϽ0.05) in HMVEC tubulogenesis, HMVEC combination of tubulogenesis and proliferation, TIME collagen, TIME fibronectin, and TIME combination of collagen and fibronectin. The five sets of angiogenesis-associated proteins and both annotated and associated proteins on HMVEC (GDS2039; GDS: Gene Expression Omnibus datasets) and TIME cells (Mellberg et al., Ref. 23) except HUVEC (GDS3567) were significantly perturbed (q Ͻ 0.05). We found that the combined set of proteins was more significantly perturbed than the set of angiogenesisannotated proteins alone in HUVEC (GDS3567) and HMVEC proliferation (GDS2039).
Biological analysis of angiogenesis-associated proteins. Out of the 478 proteins, there are 235 that are not included in any of the three databases in Fig. 2 . We used ToppGene http:// toppgene.cchmc.org/enrichment.jsp (5) to analyze GO molecular functions and biological processes for angiogenesis-annotated and angiogenesis-associated proteins in Supplementary  Table S7 , with P value cutoff 0.05 and Bonferroni correction. The top five features (P Ͻ 1.33E-65) of GO biological processes in angiogenesis-annotated proteins include vasculature development, angiogenesis, blood vessel development, blood vessel morphogenesis, and cardiovascular system development. The top five features (P Ͻ 1.47E-31) of GO biological processes in angiogenesis-associated proteins include enzymelinked receptor protein signaling pathway, locomotion, transmembrane receptor protein tyrosine kinase signaling pathway, response to wounding, and response to external stimulus. Many of the associated proteins linked to angiogenesis are involved in the regulation of many biological processes of endothelial cells, including angiogenesis, cell proliferation, cell migration, cell adhesion, cell division, cell motility, cell differentiation, and cell communication.
Extended angiome. GeneCards and GO contain 810 (ϭ 1,288 Ϫ 478) proteins that are absent from the angiome. To ameliorate the effects of missing data, we constructed an extended angiome by adding the original angiome and the genes in the union of the three databases shown in Fig. 2 , and all molecular interactions from MiMI (9) . The extended angiome is composed of 1,233 proteins degree (log−scale) probability (log−scale) Betweenness centrality degree betweenness centrality Table S8 lists the proteins in this extended angiome ranked by the degree of nodes. The top 20 genes with the highest degree values in this extended angiome are JUN, SRC, MYC, GRB2, TP53, EGFR, EP300, PIK3R1, MAPK1, CTNNB1, SHC1, ESR1, STAT3, FYN, FN1, CREBBP, AKT1, RELA, PTPN11, and MAPK3. These proteins play an important role in cancer and human interactomes, or cross talk between different signaling pathways and angiogenesis, but may not be specific to angiogenesis. Use of gene expression data sets. Integration of gene coexpression matrix based on Pearson correlation coefficients (PCC) of each gene pair and protein-protein interactions could provide biological interpretations of interactions under different experimental conditions. We calculated the PCC of each interaction among 5,726 links from the five independent time series in vitro gene expression data (11, 23, 31) as shown in Supplementary Table S9 . The coexpression matrix shows the divergence of gene expression profiles of each protein-protein interaction pair among five different experimental conditions. PCC rank could reveal gene-to-gene functional relationships (25) . PCC values have relevance in identifying whether interaction partners of a protein are simultaneously or independently expressed, often described as party and date hubs (14) .
PubMed search for newly identified angiogenesis-related genes. To further validate our results, we searched for "angiogenesis protein novel" and compiled newly identified angiogenesis-related proteins that have been reported in PubMed from January 1, 2012 to June 30, 2012. Supplementary Table S10 lists 30 novel angiogenesis-related proteins and references. Six proteins (CXCL12, DCN, ENG, IGFBP7, SDC2, and SEMA3A) are included in both angiome and extended angiome. Ten proteins (CDH1, CDKN2A, DKK1, ERG, MAPK14, MCAM, NES, SEMA4D, SHC1, and TRAF6) are not included in angiome but are included in extended angiome. Nine proteins (BAG3, DLK1, FABP4, GOLGA2, HTRA1, NF2, NOS-TRIN, STUB1, and TFCP2) are not included in either angiome or extended angiome but are the first neighbors linked to proteins in angiome or extended angiome. The remaining five proteins (HSPB6, CYTH2, MMRN2, NRN1, and TMIGD2) are not linked to any proteins in angiome or extended angiome. Except for HSPB6, there are no protein-protein interaction records of these unlinked angiome or extended angiome proteins in MiMI (9) . These results further demonstrate that the proteins and neighbors in the angiome and extended angiome could be a rich resource for discovery of novel angiogenesisrelated proteins.
DISCUSSION
In 2000 Hagedorn and Bikfalvi (13) summarized the receptor-ligand interactions responsible for angiogenesis. The presented network of angiogenesis-related proteins could be used as a foundation to display additional growth factor signaling pathways and their interactions. To elucidate all diverse growth factors and interactions with receptors, we used BiNGO (22) to analyze functional enrichment of 171 genes enriched with growth factor-related annotations in Supplementary Table S11. In Fig. 6 , we present the major extracellular regulators of angiogenesis and their receptors. We divided these regulator proteins into 11 categories: (A) vascular endothelial growth Tables S8 and S9 , we divided these 171 angiogenesis regulator proteins into 11 categories: (A) vascular endothelial growth factor signaling, (B) fibroblast growth factor signaling, (C) epidermal growth factor signaling, (D) transforming growth factor signaling, (E) insulin-like growth factor signaling, (F) platelet-derived growth factor signaling, (G) inflammation and immune response, (H) other cytokines, (I) focal adhesion, (J) Wnt signaling pathway, (K) others.
factor signaling, (B) fibroblast growth factor signaling, (C) epidermal growth factor signaling, (D) transforming growth factor signaling, (E) insulin-like growth factor signaling, (F) platelet-derived growth factor signaling, (G) inflammation and immune response, (H) other cytokines, (I) focal adhesion, (J) Wnt signaling pathway, (K) others. Figure 6 illustrates the cross talk and redundancy inherent in angiogenesis-related receptor-ligand signaling.
To validate the angiogenesis regulator proteins shown in Fig. 6 and Supplementary Table S11, we used ToppGene (5) as an independent resource of gene list enrichment analysis other than BiNGO (22) . The top 10 GO molecular functions (P Ͻ 2.72E-24) are growth factor activity, receptor binding, growth factor binding, growth factor receptor binding, cytokine receptor binding, transmembrane receptor protein kinase activity, cytokine activity, fibroblast growth factor receptor binding, platelet-derived growth factor receptor binding, and transmembrane receptor protein tyrosine kinase activity; these results corroborate Fig. 6 and Supplementary Table S11 .
Angiogenesis inhibitors, particularly polypeptides or endogenous peptides, may become the safest and least toxic therapy for diseases associated with abnormal angiogenesis. These peptides have been derived from thrombospondin, collagens, chemokines, coagulation cascade proteins, growth factors, and other classes of proteins and target different receptors (30) . From the extended angiome, we selected the 36 proteins (marked as red in Fig. 7 ) that were also annotated for negative regulation of angiogenesis by BINGO analysis of the extended angiome, and extracted their interaction partners (Supplementary Table S12 ). Nodes shown as diamonds and rectangles represent the proteins in extracellular and intracellular or membrane regions, respectively. We generally divided negative regulators of angiogenesis proteins into 10 categories: (A) chemokines, (B) angiopoietin, (C) urokinase plasiminogen, (D) collagen family, (E) thrombospondin, (F) serpins, (G) Fas ligand, (H) brain-specific angiogenesis inhibitors, (I) transcription factor activities, (J) others. These proteins cover most of endogenous antiangiogenesis proteins that were discussed in Rosca et al. (30) .
We also compared the angiome with CancerGenes (15), a gene selection resource for cancer genome projects. There are only 42 genes from the gene list on http://cbio.mskcc.org/ CancerGenes/Select.action as listed in Supplementary Table  S13 . Many genes would be missed if researchers use one single information source, providing an incomplete view of the proteins involved in a specific process. When comparing the angiome to the gene functional association network constructed by Chen et al. (6) for antiangiogenic kinase inhibitor activity assessment, we found a number of known angiogenesis-related processes missing. Some of these processes include the platelet-derived growth factor receptor binding, ephrin receptor activity, fibroblast growth factor receptor binding, metalloendopeptidase activity, interleukin-1 receptor activity, chemokine receptor binding, and Notch binding. Therefore, our results significantly expand the protein network of biological importance for angiogenesis. In summary, we constructed the most complete network of proteins that have been demonstrated as angiogenesis related or have the potential to be angiogenesis related. This network should be viewed as a resource for discovery that balances selectivity and sensitivity, and some of the proteins identified by our analysis (Supplementary Tables S8 and S9 ) may not be involved in angiogenesis. Top candidates from this analysis may be validated in experimental studies in various applications. We can envision some of the applications of the angiome networks. Angiogenesis is a key component of over 70 diseases, including cancer, wet age-related macular degeneration, pre-eclampsia, atherosclerosis, pathological obesity, asthma, diabetes, endometriosis, autoimmune diseases such as Crohn's disease, and ischemic diseases such as coronary and peripheral artery diseases (4) . In addition to pathophysiological, disease conditions angiogenesis plays fundamental role in physiological processes such as development, exercise, and aging. In many of these physiological and pathophysiological conditions a vast amount of genomic, epigenomic, and proteomic information is becoming available and accessible via public databases. The angiome provides us with a platform to identify those genes and proteins in the databases that are associated with angiogenesis by comparing the disease-or conditionspecific data to the angiome. Examples may include identification of specific angiogenesis-associated genes that are up-or downregulated or mutated in disease conditions. This information will be new and not readily identifiable by other means. Some of these genes and proteins may then be considered as putative targets for therapeutic interventions that, ultimately, will need to be experimentally validated.
